Automated seismic facies classification is an interpretation workflow that provides an efficient means to integrate and analyze large amount of seismic data. The resulting output from the classification process is a single map (or volume) capturing the spatial distribution of seismic facies. Interpreters use the resulting seismic facies to predict changes in lithology, rock properties, and/or fluid content of the strata being imaged. However, interpreters are confronted with the selection of the clustering technique and the number of seismic facies that best reveal geologic trends in the input data set. To overcome the challenge presented by the selection of the clustering technique and number of seismic facies, I propose a new interpretation framework, in which clustering techniques and data visualization are combined. One of the main advantages of the use of this framework is that interpreters are directly involved in the seismic facies classification process. I discuss the use of this framework with a case study to demonstrate that visual examination of seismic facies classification results is a valuable approach.
Introduction
As part of seismic interpretation workflows, interpreters have been using automated seismic facies classification to identify important stratigraphic features and reservoir characteristics from the seismic data alone, without well data to guide the classification process. Examples of such studies are the mapping of thin clastic reservoirs interbedded between coal and shale layers (Chandra et al., 2003) , the delineation of channel systems (Cao et al., 2005) , the identification of lithofacies geometry and variations within carbonate build-ups (Farzadi and Hesthammer, 2007) , the mapping of the interior of reservoirs and geobodies (Yan et al., 2009) , and the detection of hydraulic fracturing on a shale formation (Roy and Marfurt, 2011) .
Interpreters often encounter challenging issues and constraints when conducting seismic facies classification. These difficulties become more complex as large volumes of data and their derivatives (e.g., pre-stack, instantaneous, and/or geometric attributes) are available. Additionally, the choice of an appropriate clustering technique and the selection of an optimal number of seismic facies are critical steps that can influence the quality of the facies classification result. In this paper, I propose a new visual-based interpretation framework that could be used to diminish the subjectivity involved in undertaking seismic facies classification. The framework supports the integration of interpreter's expertise in the process; such that the characteristics and relationships among the found seismic facies are better understood. To illustrate the advantages of use of this framework to conduct seismic facies classification, channelized clastic deposits imaged in a 3D seismic data volume were evaluated.
The visual-based framework
Automated seismic facies classification is a process that involves unsupervised cluster analysis for discovering and identifying significant trends in data sets, without a priori information concerning the membership of a sample input to a given cluster (Xu and Wunsch, 2005) . Unsupervised cluster analysis has been widely used in diverse application domains (e.g., image processing, machine learning, text retrieval), and yet its successful application remains a challenging task (Grira et al., 2004) . First, a clustering technique may give excellent results with one data set type, but may produce poor results -or fail -with other data sets. Second, the number of clusters (e.g., seismic facies) influences the quality of the facies partitioning (Xu and Wunsch, 2005; Jain, 2010) .
Finding an optimal number of seismic facies is an important component that benefits interpreters when assessing the validity and quality of the seismic facies classification results. Xiong et al. (2010) argued that the workload of interpreters and the uncertainty of reservoir properties prediction increase because the choice of the number of seismic facies is performed by trial and error. To address this area of concern, in a previous publication Marroquín et al. (2009) discussed the importance of visualization techniques to guide interpreter's analysis and understanding of the seismic facies grouping and distribution.
For the seismic facies classification process, Exploratory Data Analysis EDA (Tukey, 1977) is an effective approach to judge the presence and nature of a cluster structure. EDA performs an analysis using visual techniques for establishing the objectives to evaluate the results, and potentially reformulate the objectives according to the analysis of the results (Behrens 1997 ). An essential step in visual data exploration is the requirement that interpreters generate hypotheses: 1) how many seismic facies potentially exist based on the inferred geologic setting?, 2) what information does a particular seismic facies contains with regards to the geologic setting?, 3) how does a single seismic facies relate to other facies in terms of continuity and spatial relationship?, and/or 4) how does a result from one clustering technique compare to the results from other techniques?
The value of combining data visualization with the results from various clustering techniques led to the development of the proposed framework. Note that the framework is an intuitive and iterative process divided into three main steps (refer to Figure  1 ). In each of the three steps, the interpreter accomplishes well-defined tasks. The first step is to choose a clustering technique. Then, the classification process is run with three different numbers of seismic facies. The values should be adjusted to represent cases from few (K LOW ) to large (K HIGH ) number of seismic facies through an intermediate case (K MIDDLE ). Thereafter, the interpreter selects one classification scheme to be tested. The second step is to define the optimal number of seismic facies (K OPT ) by running other classifications with K NEW , and compare their results with the selected classification scheme from the previous step. After choosing the optimal number of seismic facies (K OPT ), its associated classification scheme is evaluated. The third step is designed to compare the classification scheme of the previous step with the output from other clustering techniques. In the last step, the interpreter selects the facies partitioning that best captures the features of interest in the strata being imaged. 
Example
The 3D seismic data volume comes from a survey grid located in the Western Canadian Sedimentary Basin, western Saskatchewan. The seismic facies classification was conducted over an interval consisting of twenty amplitude samples. The interval contains a series of blocky, discontinuous reflectors (negative amplitudes) interpreted to represent a multi-channel fluvial system (Figure 2 ). Three clustering techniques were used to conduct a classification based on seismic trace shape: self-organizing maps, hierarchical, and hybrid. The interpretation of the resulting cluster of seismic facies was performed through the coordinated visual interpretation of these graphic display components: i) facies map (Figure 3a) , and ii) neuron viewer (Figure 3b) . The facies map (Figure 3a) shows the color assigned to the seismic trace is based on the color of the seismic facies with which the trace has maximum correlation. The neuron viewer display has two panels (Figure 3b) . The color assigned to the seismic facies is shown in the upper part, while the correlation curve shown in the lower part denotes the cumulative difference from one seismic facies to the next. A straight line sloping upward is the desired curve (e.g., each seismic facies is equally different from its neighbors). On the other hand, the presence of a flat segment (e.g., could indicate redundant seismic facies), a sharp bend (e.g., could suggest too few seismic facies or the presence of a sharp geological boundary), or a curvilinear trend (e.g., could denote many seismic facies or not enough trace shape variability; Paradigm Geophysical, 2009). In the first step, the analysis started with the self-organizing maps clustering technique and three facies classifications with K LOW = 6, K MIDDLE = 9, and K HIGH = 15. The produced facies maps show a similar overall topological ordering of the seismic facies, in which fluvial areas are distinguished from surrounding rocks. However, the correlation curve associated with the classification scheme using K MIDDLE = 9 shows a general upward sloping trend, and therefore this facies classification was tested in the second step. For the next step, a seismic facies classification with K NEW = 11 was conducted. The visual examination of the facies classification schemes with K MIDDLE = 9 vs. K NEW = 11 confirmed that the optimal number of facies (K OPT ) is defined by nine seismic facies. To conclude the analysis, in the third step the classification scheme selected in the previous step was compared with the results from the hierarchical and hybrid clustering techniques. Although major stratigraphic features are observed in all facies maps (Figures 4a-c) , the facies maps for the hierarchical technique (Figure 4b ) emphasizes the geometry of the channel bodies and channel-fill deposits that would be expected in this type of depositional environment (e.g., Miall, 1992) . From the visual examination of the neuron viewer displays, it was noted that the hierarchical technique's correlation curve shows a linear cumulative trend. Thus, the classification with nine seismic facies using the hierarchical technique was selected to provide the best clustering of the input data set. 
Conclusions
The interpretation of seismic facies classification results is a non-trivial task since the interpreter must select the appropriate clustering technique and the optimal number of seismic facies. Various clustering techniques applied to the same input data set can produce different clusters of seismic facies. The selection of the clustering technique should be objective and have no user preference for any particular technique. There is also the selection of the optimal number of seismic facies to consider. To address these difficulties, the proposed interpretation framework relies on incorporating the interpreter's geologic knowledge into the unsupervised clustering analysis through data visualization. As a consequence, the framework supports an intuitive and iterative process of seismic facies classification. The framework also offers these additional advantages. It allows interpreters to gain more confidence in the findings, draw conclusions on the identified trends, and communicate final results to others.
